Performance deterioration over time, or time-on-task (TOT) effects, can be observed across a variety of tasks, but little attention has been paid to how TOT-related brain activity may differ based on task pacing and cognitive demands. Here, we employ a set of three closely related tasks to investigate the effect of these variables on fMRI activation and connectivity. When participants dictated the pace of their own responses, activation and network connectivity within the dorsal attention network (DAN) increased over short time scales (~2-3 min), a phenomenon that was not observed when participants had no control over their pace of work. Reaction time slowing was also the most pronounced in this self-paced task. In contrast, TOT-related changes in default-mode network (DMN) activity and connectivity, DAN-DMN anti-correlations, and pupil diameter did not differ based on pacing or task instructions. Over a longer (~10 min) time scale, task-positive activation and connectivity decreased in all paradigms, in agreement with older findings. These results highlight dynamic patterns of resource allocation that have not previously been observed in fMRI experiments, and speak to the idea that the brain may strategically allocate resources depending on the task at hand and the time scale of work. , first quintile of a task block; Quint5, last quintile of a task block ⁎ Corresponding author at
Introduction
Focusing attention on the task at hand promotes faster, less variable, and more accurate cognitive performance, which is desirable for many activities in daily life. Over the course of a cognitive task, these fluctuations are dynamic and hard to predict, and can be modulated by distraction , mental fatigue (Warm, Parasuraman, & Matthews, 2008) , reward (Esterman, Reagan, Liu, Turner, & Degutis, 2014; Massar, Lim, Sasmita, & Chee, 2016) , and other variables. Understanding these factors provides a more nuanced and textured view of how attention is deployed over time. In recognition of this, effort-allocation models of sustained attention and cognition (Kurzban, Duckworth, Kable, & Myers, 2013; Thomson, Besner, & Smilek, 2015) have superseded older models that gloss over the complex cost-benefit calculations carried out by the brain at work.
The relationship between neural activity and behavioral fluctuations has been the focus of several recent investigations. Broadly, ontask attention is thought to be indexed by functional connectivity (greater anti-correlations) between task-positive and default-mode networks (Thompson et al., 2013) , and attentional states can be classified within dorsal attention and default mode areas using multi-voxel pattern analysis (Rosenberg, Finn, Constable, & Chun, 2015) . Over time, the factors leading to task disengagement tend to accumulate, resulting in a performance decrement known as the time-on-task (TOT) effect. Numerous studies have reported that TOT is associated with decreased activity in task-positive areas, as indexed by PET scanning (Paus et al., 1997) , transcranial Doppler imaging (Warm, Matthews, & Parasuraman, 2009) , and arterial spin labeled fMRI (Asplund & Chee, 2013; Lim et al., 2010) . Studies using graph theoretical analysis have also reported TOT-related changes in global connectivity indices such as path length and the clustering coefficient (Breckel et al., 2013; Sun, Lim, Kwok, & Bezerianos, 2014) . In sum, extended task performance results in the hypoactivation of dorsal attentional areas, a decrease in the functional integration of the brain, and changes in subtle patterns of cortical activity that are associated with poorer task performance.
TOT effects have largely been studied using tasks that are relevant to operational duties such as radar watching and air control (Helton et al., 2005; Mackworth, 1964; Parasuraman, 1979) . The features relevant to such tasks are that they are lengthy (sometimes on the order of hours), monotonous, and work-paced: the latter referring to tasks in which the rate of stimulus presentation is not determined by the operator. In contrast, the operator chooses their rate of work in self-paced tasks, and can opt to pause or take "microbreaks" as needed. Relatively few studies have been published comparing the neural correlates of selfand work-paced paradigms. This is odd given that self-paced work comprises the bulk of human endeavor, and that differences in activation associated with task pacing have been reported nearly two decades ago (D'Esposito et al., 1997) . Moreover, these two types of tasks generate unique behavioral patterns (Steinborn, Flehmig, Westhoff, & Langner, 2010) , and self-paced tasks are perceived as being more exhausting to perform (Kalsbeek, 1964) , leading us to expect that the fMRI signatures of TOT in these types of tasks may also differ.
In a recent experiment (Lim, Teng, Wong, & Chee, 2016) , we observed that fMRI activation in a self-paced symbol-decoding task unexpectedly increased with TOT over the course of 2-3 min. This unusual finding prompted us to replicate the experiment, as well as extend it to understand the differences between the novel result and established findings in the literature. The main aim of the present study was to directly test whether changes in BOLD activity and network connectivity differ between tasks that differ in pacing and cognitive demands. We focused our analysis on the dorsal attention network (DAN) and the default mode network (DMN) as a parsimonious explanation for these differences based on our previous findings. Pupillometry was also used to measure arousal and task engagement. Based on our prior work, we hypothesized that the increase in fMRI activation would only be observed in the self-paced task, and not in the paradigms where the pace of the task was set for participants.
In addition to this, attention can fluctuate over both long (Mockel, Beste, & Wascher, 2015) and very short (Busch & VanRullen, 2010) time scales, and behavioral TOT effects have been reported at relatively short durations (3 min) (Basner, Mollicone, & Dinges, 2011) . It has been assumed that resource depletion mechanisms are similar across these different time scales; however, this has not yet been confirmed in studies of neural activity. As a control analysis, we thus compared the neural bases of short-term (~2-3 min) changes with the better-characterized longer-term TOT effects. To briefly summarize our findings, we reproduced the results of our previous experiment, confirming that activation in task-positive areas increases over the blocks of task performance. We then show that the activation and connectivity patterns observed are specifically related to the task pacing, manifest only in the short term, and in task-positive but not default-mode areas.
Materials and methods

Participants
Participants were recruited from the National University of Singapore through online advertising and word-of-mouth. All participants were screened for right-handedness (Oldfield, 1971 ) and normal or corrected-to-normal vision, and to ensure they had no history of long-term physical or psychological disorders. Eligible individuals were invited for a behavioral screening session (N = 36), and those who achieved performance criterion during this session were invited for the fMRI session approximately one week later (N = 32). Of these, 2 participants were eventually excluded for excessive head motion in the scanner, yielding a final sample size of 30 (15 male; mean (SD) age = 23.03 (2.58)).
Behavioral tasks
2.2.1. Self-paced Blocked symbol decoding task (BSDT self-paced )
As reported in Lim et al. (2016) , we used a modified symbol-decoding task akin to the Symbol-Digit Modality Test (Smith, 1982) for our self-paced task (Fig. 1a ). Participants learned a mapping of four symbols ('⊥' '+' '×' 'Λ') to four different adjacent keyboard keys and were required to press the appropriate letter key (on a standard QWERTY keyboard) with their right hand when each symbol appeared. Each self-paced trial consisted of one symbol presented at a time in the centre of the screen, at approximately 1 degree of visual angle. Consecutive stimuli were always different. Each block of the BSDT self-paced consisted of 150 trials followed by a rest break of 20 s. Stimuli were presented using Psychtoolbox (Brainard & Vision, 1997; Pelli, 1997) , via MATLAB R2012A (http://www.mathworks.com).
Work-paced BSDT (BSDT work-paced )
A second variation of the BSDT self-paced , the work-paced BSDT (BSDT work-paced ) was employed as the work-paced task (Fig. 1b ). Participants learned the same mapping as with the BSDT self-paced , but total trial length was fixed at 2000 ms for each trial (i.e. the inter-stimulus interval was fixed at (2000response time) ms). Following a response, a blank screen replaced the symbol until presentation of the next symbol. Symbols remained visible for the entire 2000 ms if no response was detected.
Target detection task (TDT work-Paced )
As an additional control for the BSDT work-paced , we designed a target detection task (TDT work-paced ) that used similar stimuli and pacing, but had lower cognitive demands ( Fig. 1c ). Stimuli presented were identical to the previous two versions of the BSDT, but participants were given a target symbol (out of the four) at the start of each task block. Instead of a mapping of four letters, participants were required to respond with two different key presses for targets and non-targets. Target stimuli were set to appear in only 10% of trials in a pseudo-random fashion, and never appeared consecutively.
The TDT work-paced has similar task characteristics to paradigms that are traditionally (e.g. Davies & Parasuraman, 1982; Helton et al., 2005) used to study time-on-task effects (a binary decision (targets vs. nontargets), work-paced), but differs in that a response to every stimulus is required (as opposed to withholding responses to non-targets). Being required to respond to both targets and non-targets was appropriate in this experiment in order to better match the task characteristics of the TDT work-paced to the BSDT self-paced and BSDT work-paced .
On all tasks, participants were given the instruction to respond "as quickly as you can while making as few mistakes as possible".
Procedure
All recruited participants were first invited to attend a training/ screening session. During this screening session, participants were instructed on how to perform the BSDT, and underwent two practice runs. In the first training run, participants were shown a legend mapping the symbols to the appropriate letters. They performed 600 trials in this first training run to learn the mapping of the symbols to the letters. In the second training run, participants performed 150 trials of the same task, with the legend removed, while receiving feedback if they made an incorrect response. Following these two training runs, participants underwent three experimental practice runs, one for each task (BSDT self-paced : four blocks of 150 trials each; BSDT work-paced : one block of 50 trials; TDT work-paced : four blocks of 30 trials each). No feedback was given during these practice runs. We excluded participants who did not achieve at least 90% accuracy during the two training and three practice runs, and/or had median response times of > 1000 ms. Based on prior work, those who exceed this latter criterion are > 3 SD from the mean in their response times.
Participants who achieved criterion in the screening session were invited for fMRI scanning on a separate day approximately one week later. They were asked to refrain from alcohol and caffeine for six hours prior to arrival for scanning. Just prior to the fMRI scan, participants again performed the 600-trial (legend + feedback) and 150-trial (no legend + feedback) training runs of the BSDT self-paced as a reminder of the task procedure. Thereafter, they were given a practice run for each experimental task, with the BSDT self-paced practice consisting of only one block of 150 trials. The other practice runs were otherwise identical to the practice they received in the screening session. They were then given a 5-minute rest opportunity before entering the scanner.
To keep run length relatively constant between tasks, we used the length of the one-block BSDT self-paced practice to determine the number of trials for the two work-paced tasks (the BSDT work-paced and the TDT work-paced ) within the scanner. Mean run length was 553.4 s (93.0 s) for the BSDT self-paced , 546.3 s (82.1 s) s for the BSDT work-paced , and 558.0 s (82.6 s) for the TDT work-paced . The mean number of trials was 30 for the BSDT self-paced , 10.6 (2.0) and 10.4 (2.6) for the first and last quintile (Quint1 and Quint5) of the BSDT work-paced , and 10.9 (2.2) and 10.7 (2.6) for Quint1 and Quint5 of the TDT work-paced .
During fMRI scanning, stimuli were projected onto a screen using an LCD projector, and participants viewed these through a mirror positioned at their eye level inside the head coil. Participants responded using their right hand with a four-button MR-compatible button box (Current Designs, Philadelphia, PA). The position of the buttons that were mapped to each symbol corresponded to the positions of the letter keys on the QWERTY keyboard. Each experimental run in the fMRI session consisted of one of the three tasks (BSDT self-paced , BSDT work-paced , TDT work-paced ) in counterbalanced order, with each run consisting of four blocks (Fig. 1d ). The entire task protocol lasted approximately one hour. A high-resolution MPRAGE was collected after the three functional runs.
The protocol for this study was approved by the Institutional Review Board of the National University of Singapore, and all methods were performed in accordance with the relevant guidelines and regulations. All participants provided written informed consent prior to the experiment. Participants were compensated S$10.00 (Singapore dollars) for their time in the practice session, and S$25.00 for the fMRI session, for a total payment of S$35.00.
fMRI data acquisition
Functional imaging was conducted on a Siemens 3T MAGNETOM Prisma scanner (Siemens, Erlangen, Germany) using an interleaved echo-planar imaging (EPI) sequence (TR: 2000 ms; TE: 30 ms; flip angle: 90°; field-of-view: 192 × 192 mm; matrix size: 64 × 64). 36 3mm oblique axial slices aligned to the intercommissural plane were acquired for all functional runs. A T1-weighted high-resolution 3D-MPRAGE (1 mm × 1 mm × 1 mm) sequence (TR: 2300 ms; TE: 2.28 ms; TI = 900 ms; flip angle = 8°; field-of-view: 256 × 240 mm; BW = 240 Hz/Px; matrix size: 256 × 240, voxel size: 1 mm 3 ; 192 slices) was performed at the end of the three functional runs. During functional imaging, an MRC 12M-I eye-tracking camera (MRC Systems GmbH, Germany) was used to monitor and record pupil diameter for offline analysis.
Data analysis
Behavioral data analysis
Response time data from self-paced paradigms typically contain a small number of extremely slow responses (Bills, 1931; Broadbent, 1953 ; RT > 5 SD, relative to mean RT; mean = 2.5, SD = 1.63; or 0.017% of responses). As part of data cleaning, these were removed from the data. We chose the > 5 SD cutoff based on pilot data, and have used the same procedure in two previously reported experiments of the BSDT Lim, Lo, & Chee, 2017) . Following this, median response time for Quint1 and Quint5 of each block were calculated, corresponding with the fMRI predictors below. Overall accuracy (% correct trials) was also computed.
fMRI data preprocessing and analysis
fMRI analysis was performed using FSL Version 5.0.8 (FMRIB Software Library; Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012) , with visualization of results using MRIcron (Rorden & Brett, 2000) . Preprocessing was identical to our previously published work , and, in brief, consisted of skull-stripping, slice-time correction, spatial smoothing, high-pass temporal filtering, motion correction and anatomical normalization. Individual participants' functional scans were also linearly warped into MNI152 standard space using FLIRT prior to group averaging. A general linear model (GLM) with twelve regressors of interest and ten other regressors was fit in pre-whitened data space for BSDT selfpaced . The regressors of interest modeled the first 30 (Quint1), last 30 (Quint5), and middle 90 (Quint2-4) correct trials separately for each of the four blocks (3 × 4 = 12). We used one regressor to model the events weighted by response times; this predictor was orthogonalized with the non-weighted regressors to account for the effects of RT on brain activation. This was important as we anticipated a significant interaction between task and time on RTs, which would necessitate In the self-paced symbol decoding task, participants respond to a series of centrally presented symbols with an appropriate key press. The mapping of symbols to key presses is taught over several training periods outside of the scanner. Participants perform this task as rapidly as they can, with only a 100 ms ISI between symbols. (B) The work-paced symbol decoding task has identical instructions to (A), but the total length of each trial is fixed at 2000 ms regardless of response time. (C) The target detection task also has a fixed trial time of 2000 ms. In this task, participants are given one target symbol at the beginning of each task block, and indicate on each trial whether the presented symbol is a target or a non-target.
removal of the effects of RT as a potential confound. One more regressor was added to model the effect of reaction time variability on brain activity in the PS and PL blocks for a similar reason ; this regressor was also orthogonalized with the earlier predictors in their respective blocks. Finally, eight additional nuisance regressors were included: one to model trials with incorrect responses, one to model the on-screen instructions, and six to account for the effects of head motion (3 translation, 3 rotation).
BSDT work-paced was modeled identically. However, in keeping with our preservation of the temporal dimension, the first, last and middle "quintiles" were modeled based on the corresponding time it took for them to complete the first and last 30 trials in the BSDT self-paced , instead of actual number of trials completed. This resulted in an unequal number of trials within each regressor.
TDT work-paced was modeled similarly to BSDT work-paced , except targets and non-targets were modeled separately. Thus, a total of twentyfour regressors of interest were used. In addition, two regressors (one for targets and one for non-targets) were added to model the responsetime weighted events.
All regressors described above were convolved with a doublegamma hemodynamic response function. A fixed-effects GLM was computed on an individual subjects level, and group-level analysis was computed using a mixed-effects model (FLAME). Subsequent analysis was focused on contrasts generated from the main effects of performing the BSDT (i.e., the first 12 regressors for BSDT self-paced and BSDT workpaced , and the first 24 regressors for TDT work-paced ).
To test our study hypotheses, we combined Quint1, Quint2-4, and Quint5 events across the four blocks and contrasted these against an implicitly modeled baseline to observe the effect of short-term time-ontask (TOT short-term ) on activity associated with the three tasks. We did a further direct test of this by contrasting activation to the first and last 30 responses (Quint1 -Quint5; Quint5 -Quint1). As the time scale under investigation here was relatively short compared with other studies, we also investigated time-on-task effects on a within-run basis by contrasting activation and connectivity in the first and last blocks (Block 4 -Block1; Block 1 -Block 4). All contrasts were performed following the recommended procedures in FSL: they were specified at the first-level before being carried up to higher-level analysis.
All higher-level statistical analyses were performed with default FSL parameters, using cluster significance threshold p = .05 and Z threshold > 2.3. We note that these parameters as implemented with FSL's FLAME 1 are conservative and do not lead to elevated false positive rates (Eklund, Nichols, & Knutsson, 2016) .
To obtain parameter estimates of attention-related activation to the task, 6 nodes within the DAN and 10 nodes within the DMN were identified from a 7-network surface-based cortical parcellation in MNI152 space (Yeo et al., 2011) and masks were generated for each of the three tasks via a conjunction of task-activated areas with the DAN nodes, and task-deactivated areas with the DMN nodes. Due to poor signal quality localized specifically to a single DMN node (the parahippocampal cortex), this node was subsequently dropped from analyses. Peak percentage signal change was extracted from these resulting ROIs using the featquery module within FSL.
Connectivity analysis
Additional preprocessing steps were performed prior to connectivity analyses. Segmentation was done using FSL's FAST (Zhang, Brady, & Smith, 2001) to isolate and remove white matter and ventricular signals. The design matrices described above (including the six motion parameters) for each of BSDT self-paced , BSDT work-paced , and TDT work-paced , were entered into the analysis to remove the effects of task performance, as well as any motion-related effects.
After removal of these signals, time courses of residuals in all selected ROIs during Quint1 and Quint5 of each task were extracted, and Pearson correlations were performed between all pairs of nodes. As with the Quint1 and Quint5 predictors in the general linear model, the number of volumes entered into the connectivity analyses was approximately the same within subject (with slightly more volumes in Quint5 compared with Quint1) but could vary between subjects (Quint1 mean (SD) volumes: BSDT self-paced = 12.49 (2.21); BSDT workpaced = 12.47(2.21); TDT work-paced = 12.44 (2.19); Quint5 mean (SD) volumes: BSDT self-paced = 13.41 (2.78); BSDT work-paced = 13.43(2.77); TDT work-paced = 13.48 (2.76)). Fisher r-to-z transform (see Van Dijk, Sabuncu, & Buckner, 2012 ) was applied to the correlation values before averaging to obtain mean connectivity within the DAN and DMN, and the mean anti-correlation between the nodes of these networks.
Pupillometric analysis
Pupillometry was measured during in-scanner task performance. Pupil size was monitored using the 12M-i eye-tracking camera (MRC Systems GmbH, Germany) mounted on the head coil, at a 60 Hz sampling rate. Data were low-pass filtered (10 Hz), and blinks were detected automatically and corrected by linear interpolation. Segments spanning 1 s prior to 2 s after target presentation were visually inspected to ensure data quality. Trials with missing data during the 200 ms pre-stimulus baseline period or long periods of interpolated data were excluded. Average pupil size during the 200 ms pre-stimulus period was calculated for the first and last quintile of each task block. Two subjects did not have complete recordings of task-based pupillometry. Data from two other subjects did not meet quality criteria (i.e. valid data in less than 15 trials in at least one of the task blocks) and were excluded from further analysis. This resulted in a final sample size of N = 26.
Results
Reaction time slows with short-term time-on-task across all paradigms
Mean accuracy (% correct responses) was high overall, and comparable across all three tasks (mean (SD) accuracy: BSDT self-paced = 97.2 (1.8); BSDT work-paced = 96.1 (3.8); TDT work-paced = 98.3 (1.6)).
Median reaction times (RTs) were compared between Quint1 and Quint5 of each task block using repeated-measures ANOVA. In this analysis, we found a significant effect of task (F 2,41.94 = 212.8, p < 10 −26 ), with the slowest RTs on BSDT self-paced and the fastest on TDT work-paced . As expected, there was also a significant effect of time (F 1,29 = 27.13, p < .0001), with slower RTs in Quint5 vs. Quint1 of task blocks. Post-hoc analysis showed that these significant TOT short-term effects were observed for all three tasks (BSDT self-paced : t 29 = −5.48, p < 10 −5 ; BSDT work-paced : t 29 = -3.10, p = .004; TDT work-paced : t 29 = −2.30, p = .03). Finally, we found a significant interaction of task and time (F 2,53.56 = 12.4, p < .0001), driven by greater TOT effects in BSDT self-paced than BSDT work-paced (F 1,29 = 11.53, p = .002) and TDT work-paced (F 1,29 = 19.81, p = .0001) (Fig. 2) .
In contrast, when analyzing accuracy in a similar fashion, we found significant effects of task (F 2,36.2 = 11.6, p = .001) and lower accuracy over time (F 1,29 = 9.68, p = .004), but no significant interaction between these factors (F 2,46.3 = 1.08, p = .35).
3.2. Activation increases with short-term time-on-task in the self-paced paradigm only
The first aim of this study was to replicate the effects of our previous experiment by demonstrating increasing task-positive activation with TOT short-term on the BSDT self-paced . We then wished to confirm that these increases would not be seen in a work-paced version of the task, or in a more traditional sustained-attention-type test, as indicated by a large body of previous work (Langner & Eickhoff, 2013) .
To accomplish this, we created activation maps of the main effects of task performance for Quint1, Quint2-4, and Quint5 of each task (Supplementary figure 1, Supplementary figure 2 and Supplementary  figure 3 ). Activation to the BSDT self-paced was highly similar to that seen in Lim et al. (2016) , with greater and more bilateral activation in dorsal attentional areas at the end of each task block. A direct contrast between the Quint5 and Quint1 of the BSDT self-paced confirmed that these differences were significant. In comparison, BSDT work-paced and TDT work-paced activation remained relatively constant over time, with no significant differences in fronto-parietal areas in the Quint1 -Quint5 contrast, although a cluster of voxels in visual cortex were significantly more active in Quint5 vs. Quint1 on the BSDT work-paced (BSDT work-paced : Supplementary Fig. 2 ; TDT work-paced : Supplementary Fig. 3) .
To quantify the effects of TOT short-term on a previously identified task-positive region in each task, we created separate conjunction masks of activation within Quint1 of each task with voxels of the DAN from the parcellation scheme of Yeo et al. (2011) . The resulting masks are shown in Fig. 3a . We then extracted mean parameter estimates from each of these masks and subjected them to repeated-measures ANOVA. As expected, we found a significant effect of task (F 2,58 = 18.93, p < .0001), and a significant task by time interaction (F 2,58 = 3.60, p = .03). Post-hoc comparisons showed a significant difference between Quint1 and Quint5 in BSDT self-paced only (Fig. 3b ). The main effect of time was not significant (F 1,29 = 0.45, p = .51).
We performed a similar analysis on default-mode regions (Fig. 4b-c ). In contrast with the DAN, we found no significant effect of either time or task on deactivation in these areas, and no significant interaction of time and task.
Connectivity dissociates in the task-positive, but not the task-negative network
We next assessed connectivity changes in a task-positive region resulting from TOT short-term . Mean connectivity within the DAN was assessed for Quint1 and Quint5 in each task, and subjected to repeatedmeasures ANOVA. Here, we found a significant effect of task (F 2,58 = 10.49, p < .001), and a significant task by time interaction (F 2,58 = 4.05, p = .02), driven primarily by (non-significant) increases in connectivity over time in the BSDT self-paced (t 29 = 1.78, p = .09), and decreases in the BSDT work-paced (t 29 = 2.00, p = .06) ( Fig. 3c; Fig. 5a,  d) . No significant main effect of time was found in this analysis (F 1,29 = 0.11, p = .74).
Changes in connectivity in the DMN were interrogated in a similar fashion. In contrast with the DAN, we found a significant effect of task in this analysis (F 2,58 = 9.79, p < .001), but no significant effect of time (F 1,29 = 1.97, p = .17), and no interaction (F 2,58 = 0.90, p -.91) ( Fig. 4c; Fig. 5b ). Mean DMN connectivity was highest overall in the two BSDT tasks, and differed significantly between the BSDT self-paced and the TDT work-paced (p = .001), and the BSDT work-paced and TDT workpaced (p = .01).
Based on our prior study , we expected to find interrelations between behavior, brain activation and connectivity as reported in Sections 3.1-3.3. Specifically, we anticipated poorer performance (slower reaction times) in the BSDT self-paced to be associated with increased brain activation and connectivity, and decreased activation and connectivity in the other two tasks.
While a detailed exploration of these individual differences is beyond the scope of this paper, we have plotted the trends of median reaction time, activation and connectivity over time in Supplementary  Fig. 4 to show that they are broadly in line with our expectations.
Between-network anti-correlations increase across all tasks
Finally, we tested for difference in DAN-DMN anti-correlations between Quint1 and Quint5 of each task. In this analysis, we found an overall effect of both task (F 2,58 = 6.27, p = .006) and time (F 1,29 = 5.78, p = .02), with significant increases in between-network anti-correlation in the Quint5 of each task ( Fig. 5c ; Supplementary  Fig. 2A ). No significant task × time interaction was observed (F 2,58 = 0.10, p = .91).
Pupil diameter decreases across time in all tasks
Using a subset (N = 26) of participants, a time by task repeated measures ANOVA was performed with pre-stimulus pupil diameter as dependent variable. This analysis yielded a significant main effect of time (F 1,25 = 17.37, p < .001), indicating that pupil size decreased from the first to the last quintile in all tasks (Fig. 6 ). Furthermore, we observed a marginally significant main effect of task (F 2,50 = 2.70, p = .077), indicating that pupil size was larger during the BSDT self-paced task compared to the BSDT work-paced task (F 1,25 = 4.38, p = .047), and marginally larger compared to the TDT work-paced task (F 1,25 = 3.18, p = .087). The reduction with TOT, however, was similarly present in all tasks, as evidenced by the absence of a significant task × time interaction (F 2,50 = 1.98, p = .15).
Traditional time-on-task effects seen over longer time scales
An important consideration in this experiment was that our analyses were conducted over shorter time scales (~2 min) than traditionally used in experiments of the TOT effect. Over this shorter-term period, we observed unexpected changes in DAN activation (an increase over time instead of a decrease in BSDT self-paced ), and in network anti-correlations (increases over time over all three tasks; Supplementary Fig. 5A ). As a control analysis, we repeated the fMRI analyses using data from the first and last block of each task run (most distal TRs separated by~10 min). In this re-analysis, activation across the DAN decreased across all three tasks (F 2,58 = 13.28, p < 0.0001), with no significant time × task interaction, and DAN-DMN anti-correlations showed a trend to significant decreases over time (F 2,58 = 3.86, p = .06; Supplementary Fig. 5B) , also with no time × task interaction. Thus, over a~10-min period, we replicate established findings in the literature on the effects of TOT on brain activation and connectivity, with decreases seen in attentional areas that traditionally show this effect (Langner & Eickhoff, 2013 ). An example of this for the BSDT self-paced is shown in Supplementary Fig. 6 . Fig. 2 . Median reaction time for trials in the first and last quintiles of task blocks in the three tasks. Reaction times slow significantly across all three tasks, and are significantly slower in the self-paced symbol decoding task (BSDT selfpaced ) compared with the work-paced symbol decoding task (BSDT work-paced ) and the target detection task (TDT work-paced ). Activation in the DAN increases significantly in the self-paced symbol decoding task only, resulting in an significant time × task interaction overall. (C) DAN connectivity shows a significant time × task interaction (p = .02), driven by trend-level increases in BSDT self-paced and trend-level decreases in BSDT work-paced over time. 
No confounding effects of head motion
As functional connectivity can be significantly affected by head motion (Power, Barnes, Snyder, Schlaggar, & Petersen, 2012) , we performed control analysis to check for differences in motion between tasks and quintiles. A two-way ANOVA showed no main effects of either task or time (F 2,176 = 0.66, p = .52), suggesting that motion did not significantly differ across tasks, or within blocks. Finally, changes in head motion between Quint1 and Quint5 and within/between network connectivity changes were not correlated in any of the three tasks (all p > .05).
Discussion
We sought to characterize the activation and connectivity patterns associated with short-term (~2 min) time-on-task in three paradigms that varied in pacing (self-paced vs. work-paced) and load (symbol decoding vs. target detection). Based on our prior findings, we hypothesized that the most demanding of these three tests (the self-paced symbol decoding task) would result in increases in activity and connectivity strength in comparison with the other two tasks. Our data supported this hypothesis. Moreover, fMRI activation and intra-network connectivity strength in a task-positive region (the dorsal attention network, DAN) strengthened over the short term within blocks in the self-paced task, but weakened over time in the work-paced tasks, a dissociation that was not captured by behavioral metrics or pupillometry. This last observation suggests a novel inference: even though declines in cognitive performance over time are observed in most tasks, the reasons underlying the decline may differ between self-paced and work-paced paradigms. Finally, we replicate results of previous fMRI experiments of TOT using longer time scales, suggesting that the unique dissociations we observed evolve over a relatively brief time span.
Contrasting self-paced and work-paced paradigms
Work-paced tasks are those in which the operator has no control over the rate of appearance of stimuli and targets. Classical laboratory examples include many tests of vigilance and sustained attention (e.g. the Mackworth Clock Test (Mackworth, 1964) ), the Sustained Attention to Response Test (Robertson, Manly, Andrade, Baddeley, & Yiend, 1997) ), selective attention (e.g. oddball paradigms, dichotic listening), short-term memory (e.g. the delayed match-to-sample test; Ferster, 1960) , and working memory (e.g. the n-back task; Kirchner, 1958) . Many real-world jobs also contain work-paced elements (e.g. air traffic controllers, heavy machine operators). In contrast, self-paced tasks are those in which the operator can control the pace of their work; these are typically employed in the laboratory as measures of processing speed or cognitive throughput, and comprise a majority of tasks performed by white-collar workers.
An important point to appreciate with regard to comparing self-and work-paced tasks is that, by their nature, they differ on more than one dimension. Accordingly, in the current experiment, we had to choose between controlling for the amount of work (i.e. equating the number of stimuli between tasks) or the time spent performing each task (i.e. by matching the amount of time spent on the work-paced task to that of the self-paced task). For pragmatic reasons, we implemented the latter option. Philosophically, we contend that the higher work rate (computations per unit of time) in self-paced tasks versus the need to manage attentional allocation during the "down time" in work-paced tasks is the crux of the comparison that we are making.
Crucially, despite their differences, both work-paced and self-paced tasks are known to elicit robust TOT effects (Matthews, Davies, Stammers, & Westerman, 2000) ; however, work-paced paradigms have received much more attention in this literature, and theoretical discussions of TOT effects and attentional lapses typically revolve around work-paced tasks (Thomson et al., 2015) . An important topic of debate in this field has been whether resource, or "overload" accounts better explain the data than motivational, or "underload" accounts, with neither class of model being able to entirely account for the data (Kurzban et al., 2013) . More holistic recent theories have recognized the importance of both overload and task disengagement in producing attentional failure over time, and have suggested the role of an executive effort allocation module that uses dynamic cost-benefit calculations to determine the level of cognitive effort expended at any given time (Kurzban et al., 2013; Massar et al., 2016; Thomson et al., 2015) . An important implication of this theory is that worsening performance may be due to a combination of factors, with overload playing a greater role when costs are high, and underload leading to task withdrawal when the converse is true. In this formulation, the psychological correlates of TOT may differ depending on characteristics such as task type and load.
Some studies exploring TOT effects in self-paced paradigms have in fact recognized this possibility. For example, an older model for predicting response times on a self-paced task (specifically, a symbol cancellation paradigm) explicitly accounts for switches between "processing time" and "distraction time" to predict the relative negative influences of overload and underload on performance (Van Breukelen et al., 1995) . Self-paced tasks are thought to require a continual, effortful process of self-regulation (Steinborn et al., 2010) , putatively resulting in a greater accumulation of fatigue than in work-paced paradigms. In support of this, the effect of event rate on the vigilance decrement has long been appreciated (Parasuraman, 1979) , with high event rates (30/min vs. 15/min) more likely to elicit TOT effects. Additionally, tasks that are self-paced are more subjectively fatiguing/ exhausting than work-paced tasks (Kalsbeek, 1964) . Thus, a latent, untested hypothesis is that the contribution of overload to the TOT effect may be greater in self-paced paradigms.
In the current dataset, we observed a significant difference in TOT short-term effects between the self-paced and the work-paced paradigms, with the greatest increases in response speed seen in the BSDT self-paced . These data support the theory that over the course of several minutes, the self-paced task was the most challenging of the three to perform, and are in line with our framework that effort allocation strategies might account for the behavioral differences seen between the tasks. However, this difference was not informative as to the neural and psychological changes underlying the declines.
fMRI activation and connectivity dissociations between self-and workpaced tasks
Turning to the fMRI results, a key finding of this study was an increase in both activation and connectivity strength in the DAN for the self-paced symbol decoding task, but neither of the work-paced tasks. As reaction times were modeled to control for their confounding effects, we infer that the activation differences observed in the main-effects contrasts between tasks are due to intrinsic task characteristics. The increase in activation in the BSDT self-paced replicates a result we obtained in a recent experiment , while the relative increase in intra-DAN connectivity strength is a novel finding. In contrast, changes in DMN activation and connectivity did not effectively dissociate these three task types, with no significant interactions observed in the time by task ANOVA.
In this study, we chose to focus fMRI analysis on the DAN and DMN for a few reasons. First, activation maps of the BSDT across time ( Supplementary Figs. 1 and 2 ) clearly show that the task performance primarily involves activation of the dorsal and ventral attention networks, and deactivation of the DMN. Additionally, contrast maps between Quint1 and Quint5 ( Supplementary Fig. 7 ) reveal that changes with TOT mostly occur in DAN and DMN. Finally, previous studies have also implicated DAN regions as being sensitive to the TOT effect (Asplund & Chee, 2013; Lim et al., 2010) .
Task pacing has significant effects on aggregate fMRI activity, and the sensitivity of a paradigm in detecting activation differences (D'Esposito et al., 1997) . The use of self-paced paradigms may be advantageous under certain circumstances; for example, they have been used in semantic processing paradigms to minimize intrusion from task switching and task-unrelated thoughts (Daselaar et al., 2002; Tieleman et al., 2005) . Work-paced designs may also allow participants time to engage in other cognitive processes unrelated to the process of interest (Maccotta, Zacks, & Buckner, 2001) . Despite a call to investigate the differences in work-and self-paced tasks on fMRI activation in other cognitive domains, this question has been largely ignored in the past 10 years.
In line with the findings described above, we observed significant differences in the symbol-decoding task based on task pacing. We previously suggested that the increases in DAN activation over task blocks in the BSDT self-paced may reflect the constant engagement of controlled attention and on-task activity required by the self-paced paradigm . The results from the current study refine this prediction by demonstrating that these increases are indeed specific to the pacing of the task, and not its higher cognitive demands relative to binary-choice tests. They also reflect that overload may be a more significant contributor to short-term TOT in self-paced tasks than workpaced tasks. We note that in the longer term, decreases in DAN activation were seen across all three tasks, a finding that is in agreement with a body of prior research (Asplund & Chee, 2013; Lim et al., 2010; Paus et al., 1997; Warm et al., 2009) . This indicates that the extra allocation of cognitive resources to the self-paced task happens in spurts rather than as a tonic upmodulation. The data also support a dynamic resource allocation model, showing that attentional control is not exercised in a uniform fashion across tasks and time.
Interestingly, we also show that the dissociation is exclusive to the DAN, and do not manifest in the DMN. While the precise role of the DMN during task performance is still being debated, a number of experiments have linked DMN activity to mind-wandering and task disengagement (Christoff, Gordon, Smallwood, Smith, & Schooler, 2009; Mason et al., 2007; Scheibner, Bogler, Gleich, Haynes, & Bermpohl, 2017) suggesting that increases in DMN activation and connectivity should be observed under conditions of underload. However, no significant effects of time, or interactions between time and task were observed in this dataset, suggesting that changes in boredom and task disengagement did not play a significant role in the interaction observed in the behavioral findings here.
An important additional point to appreciate in the analysis of task activation (Fig. 3B) is that we are interpreting the interaction, and not the significant main effect of task. This main effect may have arisen due to a number of cognitive processes other than attentional or effort deployment. For example, the BSDT may tax memory retrieval more than the TDT work-paced , as participants must constantly use the stimulus-response mapping to perform the task successfully. In contrast, the interaction effect is the divergence in activation over time as participants continuously perform separate tasks, making it far more likely that differences in attentional/effort deployment are responsible for this significant interaction.
Future experiments might investigate whether the psychological correlates of performing these tasks corroborate our findings by explicitly measuring subjective fatigue and mind wandering across tasks with different pacing.
Short term increases, but longer term-decreases in DAN-DMN anticorrelation
Another important finding of this work was that DAN-DMN anticorrelations increased in the short term, but decreased in the long-term. Fluctuations in DMN and DAN are coupled in an anti-correlated fashion at rest (Fox et al., 2005; Fox, Zhang, Snyder, & Raichle, 2009; Fransson, 2005) , and greater anti-correlation is thought to facilitate attention and memory (Greicius & Menon, 2004; Kelly, Uddin, Biswal, Castellanos, & Milham, 2008; Thompson et al., 2013) . As such, one would expect DAN-DMN anticorrelation to decrease with TOT; a hypothesis that finds support in an experiment by Gui et al. (2015) , who reported reduced anti-correlations between the posterior cingulate cortex and right middle prefrontal cortex following a mentally fatiguing sustained attention task. Also in support of this, Sun et al. (2014) reported reductions in long-range cortical efficiency following an attentional challenge, suggesting that the DAN and DMN are decoupled after sustained cognitive demands.
Unexpectedly, in this experiment we found significant increases in anti-correlations between Quint1 and Quint5 across all three tasks. We hypothesized that these surprising results might be due to the differences in time scale between this analysis (< 2 min) and the papers cited above (~20 min), and repeated our analysis with data from the first and last blocks of each run instead. In this secondary analysis, we found the expected reduction anti-correlations in all three tasks. We thus speculate that the increases in short-term DAN-DMN anti-correlations may also reflect compensatory activity that cannot be sustained over longer periods of more than several minutes.
Pupillometry
To supplement the fMRI findings, we also recorded pupillometry during resting-state scans. Pupil diameter is an indirect index of activity in the locus coeruleus-norepinephrine system (Aston-Jones & Cohen, 2005) , and thus a useful indicator of enhanced arousal and on-task behavior. In line with the behavioral results, pupillometry data showed that pupil size was largest during performance of the BSDT self-paced task. Pupil diameter has long been used as an index of task demands, with larger pupil size associated with the performance of more difficult tasks (Kahneman & Beatty, 1966) , and motivation by monetary incentives (Heitz, Schrock, Payne, & Engle, 2008) . Our current study is in line with these results, with pupil size being largest in the BSDT self-paced compared to both work-paced tasks. Moreover, recent studies have demonstrated that pupil size reduces with prolonged time on task, and this reduction is related to motivation and subjective cognitive disengagement from the task (Hopstaken, van der Linden, Bakker, & Kompier, 2015; Massar, Lim, Sasmita, & Chee, 2019 ). In the current study, we similarly find pupil size reductions with TOT, however, no differences in this TOT effect were found between the different tasks, suggesting that this measure may not be as sensitive in picking up the interactions seen in the behavioral and fMRI results.
While the current study was not set up to examine the correlation between pupil diameter data and brain imaging, previous studies have directly targeted this relationship. One study reported that increased pupil size due to task difficulty was positively correlated with increased activation in the locus coeruleus and in DAN areas (Alnaes et al., 2014) . However, other studies found no such correlation between pupil fluctuations and DAN activation (rather Salience Network activation; Schneider, Leuchs, Czisch, Sämann, & Spoormaker, 2018) . In keeping with this, pupil diameter is know to reflect not only arousal and task engagement, but also other cognitive factors such as error detection, prediction errors, and surprise (Critchley, Tang, Glaser, Butterworth, & Dolan, 2005; Knapen et al., 2016) . It is therefore conceivable that reductions in pupil diameter over time are jointly goverened by reduced engagement of the DAN and other functional brain networks.
Short-term TOT as a distinct phenomenon
Most studies of TOT to date have focused on longer-term (minutes to hours) changes in behavior and physiology. In contrast, we demonstrate here that the neural correlates of TOT effects over shorter-term bursts of work (1-2 min) do not necessarily follow the classic trajectories of change seen in longer tests. Specifically, and to reiterate, even though activation and connectivity within the DAN decreased over the run in all tasks (in agreement with most previous research), it increased in the short term over each task block in the BSDT self-paced . Indeed, this seems to mirror findings from attentional stability, whereby DAN activity increased during specific periods of "out-of-the-zone" performance during a longer sustained attention task (Esterman et al., , 2014 .
There is evidence that TOT-related degradation occurs even in relatively short tests of attention such as a 3-minute Psychomotor Vigilance Test (Basner et al., 2011) , particularly as workload is increased in this version of the test by shortening the inter-stimulus interval. Our data are well in line with this, with significant TOT short-term behavioral effects seen in all three of our tasks. Moreover, Breckel, Giessing, and Thiel (2011) have reported neuroimaging findings that parallel ours: short-term TOT (defined as the inter-target interval (mean 20 s) in a visual vigilance task) led to widespread increases in cortical activation, particularly in frontal and temporal areas, but longer-term TOT (32 min) resulted in classic decreases in distinct regions (middle frontal gyrus, posterior and anterior cingulate cortex, orbitofrontal cortex, and supplementary motor cortex).
Overall, our results imply that effort allocation strategies involve allotments for short-term expenditure as well as (and sometimes interacting with) a gradual withdrawal of effort over the full task duration. In light of this, we emphasize that TOT short-term may be an important, understudied phenomenon that is distinct from the classic TOT effects seen over prolonged periods of work.
Conclusion
Declines in performance over time may occur for different underlying psychological and neurophysiological reasons. In this experiment, we demonstrate this by showing that DAN activation and connectivity have a unique signature of change in self-paced tasks compared with work-paced tasks over short periods of cognitive engagement. Our data have relevance to effort allocation accounts of time-on-task and mental fatigue (Kurzban et al., 2013; Thomson et al., 2015) , showing clearly that the brain deploys resources differently based on the cognitive demands at hand. Determining the variables and weights that enter this cost-benefit analysis may greatly enhance our ability to predict neural activity and how well an individual will perform.
